In this research, we propose a computer simulation method to simulate degraded image by atmospheric turbulence according to different photographing distance. We use parameters measured from real time-series image data with 250-million-pixels. Target images for experiments are collected according to the distance of the subject, and the atmospheric fluctuation amount of each image is calculated. We confirm that the amount of atmospheric fluctuation increases with distance. From visual observation, it is confirmed that the simulation image distorted by atmospheric turbulence using our proposed method is quite similar to the real images.
Introduction
The development of camera technology enable us shoot farther goals with higher resolution. The biggest image in Fig. 1 is taken by Canon's 250 million pixel CMOS image sensor (Fig. 2 ) [2] , [15] , and two tiny parts (approximately one ten thousandth of the whole image) are heavily distorted by atmospheric turbulence in a long distance(more than 2.5km).
In several decades, large quantities of methods are proposed to deal with the problem that restoring real images or natural images from degradation of changing and complicated atmospheric turbulence [5] , [6] , [9] , [13] , [16] , [17] . Since experimental images distorted by atmospheric turbulence often include targets in a long distance, preparing a ground truth for comparing is almost impracticable. Although several image simulation models with respect to atmospheric turbulence are proposed, such as [3] and [11] , the common problem of them is extremely difficult for implementation because of their complex models.
In this paper, we quantitatively analyze the degradation degree of the image in order to find the relationship between the photographing distance and the influence of atmospheric turbulence, and propose a simulation model with parameters obtained from real images to simulate the degraded image of each photographing distance. Compared with the conventional methods, our proposed method is easier to implement and suitable for quantitative evaluations of image quality improvement method. In addition, it is also a good method for data augmentation of training data in deep neural network which is currently in trend.
Estimation of Atmospheric Fluctuation Amount
We use real images (temporal sequences) to estimate the influence of atmospheric turbulence on the image. Each sequence has 300 frames and was taken by the Canon's 250 million pixel CMOS image sensor from various fixed long distances (3.2km, 5km, 7km and 23km). We choose the similar way as [13] to find out some rules of image deformation caused by atmospheric turbulence by the following procedure. (1) Extract ROI (region of interesting) from each frame. (2) Detect the SURF feature points for each frame and then find corresponding points between the first frame (reference frame) and other frames. 
Feature Point Detection
We first extract ROI (region of interesting) from each frame. We detect the SURF feature points [1] for ROI of each frame because of its ease to implement and high accuracy compared to conventional SIFT [10] . Then
we find corresponding points between the first frame (reference frame) and other 299 frames by using M-estimator SAmple Consensus (MSAC) [4] , [14] and pair distance. One example of corresponding points are shown as shown in Fig. 3 . 
Inference of Atmospheric Turbulence
We select one corresponding feature point set, which has the most corresponding points in other frames for analysis. The spatial distribution of the selected feature point set (which include about 250 detected feature points in original 300 frames) is shown in Fig. 4(a) . Each point in Fig. 4 (a) corresponds to one frame's feature point. The X coordinate histogram (up) and Y coordinate histogram (down) of the selected feature point set are shown in Fig. 4(b) . By using One-sample Kolmogorov-Smirnov test [8] , we confirmed both histogram can be considered as the normal distribution. We also checked all corresponding feature point sets in 6 different images. The test results (the percentage of being normal distribution) are summarized in Table 1 . It can be seen that the displacements (distortions) due to the atmospheric turbulence follow the normal distribution (Gaussian distribution). So we use the statistics of the distribution to measure the inference of the atmospheric turbulence. We calculate the mean position (absolute coordinate) of the feature point over all frames. Then we calculate the mean (σ r ) of horizontal (X-direction) and vertical (Y-direction) standard deviations (σ x and σ y ) of the position, which are used as measures of the influence of atmospheric fluctuation or simulation model parameters.
Relationship between the Degree of Deformation and Photography Distance
The original images with enormous size are hard to achieve and save. In this paper, we compute 4 kinds of images with different photography distances (2.5km, 3.2km, 5km, 7km, and 23km) to confirm that the degree of partial deformation aggravate as the photography distance changes. As shown in Fig. 5(a) , we demonstrate partial deformation of image about the target in 23km is severe compared with the target in shorter distance (2.5km, 3.2km, 5km, 7km).
As shown in Fig. 4 (a) , the shake distribution is isotropic. Also, since there is no correlation when separating the atmospheric fluctuation component in the X direction and the Y direction, the difference between the X direction and Y direction in Fig. 5 (a) is due to measurement error. Therefore, the atmospheric fluctuation component can be expressed by only the spread (standard deviation) in the radial direction (one dimension). The relationship between the atmospheric fluctuation (the standard deviation) and the photographing distance is shown in Fig. 5(b) . The point is the average of σ x and σ y . As shown in Fig.  5 (b) the atmospheric fluctuation (the standard deviation) and the photographing distance are in a linear relation.
By the way, in the next research, we are going to set up a model, which can be used to simulate partial deformation with target in different photography distance according to the linear relationship between standard deviation of moving amount and photographing distance shown as Fig. 5(b) . By just using the frames taken from 2.5km, 3.2km, 5km, 7km, and 23km, we draw a preliminary conclusion that standard deviation of moving amount can be represented as = 0.0853 + 1.3603
( 1) where is photography distance. The unit of and are pixel and kilometer respectively. The estimated line is also shown in Fig.5(b) as a dashed line.
Because of the lack of images with photographing distance arranging from 10km to 20km, we are going to collect more images in different photographing distances for estimating a higher accurate model.
Simulation Model
Equation (2) is used to simulate , which is the k-th simulation frame, from a standard high-resolution image .
where is a warping operator to simulate the deformation by atmospheric turbulence. is a Gaussian blur kernel. is a decimation (down-sampling) operator with a scale of ×0.5. is a Gaussian noise. In this paper, we set the standard deviation of Gaussian noise for pixel values to be 1.275. 
Warping by B-spline Function
In this paper, we use a B-spline function as the warping operator to simulate the deformation by atmospheric turbulence. We first extract landmarks using regular grid. The grid size is set as 15×15
experimentally for simulating images with the target in 3.2km. The horizontal and vertical displacements of each landmark are randomly generated according to the normal distributions with σ x and σ y , respectively, which are measured from real image data as shown in Fig. 4(b) and Fig. 5 . For simulating images with the target in 3.2km, the measured σ x and σ y are 1.61pixel and 1.27pixel respectively. Once the displacements of landmarks are determined, the horizontal and vertical displacements of other pixels (non-landmarks) are calculated by the use of B-spline [12] based on the displacements of landmarks.
Blurring by Gaussian Blur Kernel
By analyzing about 300 initial frames, it is easy to draw a conclusion that the degree of blur for each frame is not same due to very far photography distance and extremely complex change of atmospheric turbulence. Fig. 6 shows typical initial example images of 300 continuous frames from a video, and comparatively clear images (Fig. 6 up) and completely unclear images (Fig. 6 bottom) appear randomly. That gives a good explaination about why we can improve image quality using frame selection based super-resolution [7] . In our proposed method, we set the parameters of Gaussian blur kernel (standard deviation) empirically according to real frames. A small part of initial frames are comparatively clear or completely unclear, in consequence the Gaussian blur kernel with size 15×15 is determined randomly, but obey normal distribution with a mean of 3 and a standard deviation of 1. Fig. 7 shows the degraded original images (Fig. 7(a) ) and the simulated images (Fig. 7 (b) ) based on reconstructed images using [7] . From visual observation, there was almost no difference between the real deteriorated images and the simulation results, and it was confirmed that there was no unnatural images in the simulations as compared with the real degraded image. Fig. 8 and Fig. 9 show the results about simulated time-series image data (typical 5 frames) according to parameters get from real image about the target in 3.2km ( Fig. 8(a) and Fig. 9(a) ) and 23km ( Fig. 8(b) and Fig. 9(b) ). The generated 23 km images have a larger distortion than the 3.5 km images, which is consistent with the actual observed data.
Experimental Results

Conclusion
In this paper, we estimate the relationship between atmospheric turbulence and photographing distance using deformation parameters computed from real time-series image data. The linear relationship (model) between the atmospheric fluctuation (the standard deviation) and the photographing distance has been found and established. By using our established model, we can simulate the distorted image by atmospheric turbulence. Our simulation model is easier to implement than conventional methods and suitable for quantitative evaluation of image quality improvement method. In our future work, we are going to collect more images with photographing distance from 10km to 20km for establishing a higher accurate accuracy.
